Introduction
Environmental degradation remains a global issue and the Russian Federation is not an exception. Various cities and regions continue to suffer from poor environmental conditions due to or in spite of the economic decline after the breakdown of the Soviet Union and the economic recovery in recent years. In particular, air pollution is still responsible for unnecessarily high rates of morbidity and even mortality, see Golub et. al. (2013) . Fortunately, there are various signals, which document the political willingness to reduce environmental pollution. For example, in 1991 a system of fees on emissions, discharges, and solid waste became a key element of Russia's environmental policy. There were even differentiated fees per unit of emissions of hazardous substances, see Golub et. al. (2013 ), p. 436f. Moreover, in 2004 Russia was the last party to join the Kyoto Protocol, and was instrumental to its successful implementation. Thus, there was the readiness to participate in the provision of global environmental commodities, such as the reduction of greenhouse gas emissions. With emissions a little bit above 1.7 Gt CO 2 equivalents per year, as plotted on Figure 1 , Russia is still among the largest five emitters of greenhouse gases after China, the United States, European Union and India. However, due to the economic recession following the breakdown of the Soviet Union, per capita emissions of greenhouse gases in Russia are still 24% below their 1990 level, despite recent increases of 7% in 2010 and 5% in 2011, see International Energy Agency (IEA) Statistics (2013) .
It was relatively easy for Russia, to reach the Kyoto target of a 0% reduction of GHG emissions in the period from 1990 to 2012. With joining the Kyoto Protocol, Russia could make use of this advantageous situation by offering their surplus emission reductions units, sometimes referred to as "hot air", to those states and companies in need of additional units. Nevertheless, in 2009 the Russian government passed the resolution "On the Measures Stimulating Reduction of Atmospheric Pollution by Products of Associated Gas Flaring", which limits associated gas flaring levels to 5% of the entire output as from 2012, see International Energy Agency (IEA) Statistics (2013) . Resolutions like this certainly initiate substantial investments in clean technologies.
Thus, in view of the current negotiations on global reductions of greenhouse gas emissions the question arises, to what extent people in Russian regions are environmentally aware. Russia is still one of the major emitter of greenhouse gases, and a growing environmental awareness (EA) can accelerate Russian efforts to mitigate climate change. The Russian Federation provides a particularly interesting study area for this kind of research. If there exists a relationship between economic development and whatever expression of EA, then environmentally friendly behaviour should play a more important role in Russia in general and the Russian regions in particular.
As Figure 2 shows, GDP per capita in Russia increased from 1 771 USD in 2000 to 14 611 USD in 2013, data source The World Bank (2016). As there are some differences between the regions in terms of economic and demographic development and in terms of ethnic composition, we should expect differences regarding the emergence of EA in the regions of the Russian Federation. The basic question therefore refers to the concept of EA. How can this awareness be measured under the conditions mentioned above? Moreover, what are the relevant differences among the Russian regions in this context? Which structural characteristics of the various regions are decisive for differences regarding EA? Is there a relationship between income and EA of a region? Does it have a polynomial relationship to a GDP per capita? In other words does it look similar to the so-called Environmental Kuznets Curve (EKC)?
Many empirical studies investigate the direct effects of economic, demographic and political conditions on the environment and derive there from political measurements. However, most of the time they do not consider the sentiments or understanding of environmental relevant issues of the population. Certainly, the latter is important to perform environmental policies successfully. For this reason, we develop a new index of EA for Russia and provide a ranking for 81 Russian regions for two periods in years 2014 and 2015. This index of EA is a latent construct, which affects various indicators. These indicators are derived from search entries in Yandex, the prominent Russian search engine. The data refers to some 200 phrases, both in Russian and in English, related to environmental issues. These search phrases are clustered into five categories covering, among others, direct climate change queries as well as literature searches.
We assume that these indicators depend on or, rather, result from certain economic activities or societal developments in the various Russian regions. Thus, we integrate these causes into the model to explain a specific level of the index. The resulting model is the Multiple Indicators-Multiple Causes (MIMIC) model, which allows to estimate the latent variable from various indicators and various causes of EA, see Buehn and Farzanegan (2013) .
We also look for differences in the EA between 2014 and 2015. We except a smaller interest in environmental topics in 2015 than in 2014, because of the devaluation of the Russian currency RUR at the end of 2014.
The paper is structured as follows. Section 1 introduces. In section 2 we briefly investigate the development of the concept of EA in the literature starting with the marketing and social psychology literature some 50 years ago. The formal aspects of the MIMIC model are presented in section 3 including a discussion on the applicability of this model to the concept of EA. The next step is the introduction of indicators and potential causes of environmental pollution or EA. First results of our investigations are given in section 4. Section 5 concludes.
Environmental Awareness in the Literature

Marketing and Social Psychology
Almost everybody understands EA as some kind of environmentally friendly behaviour, however it is not so straightforward to conceptualize it in order to make stringent use of it in academic research.
Not too surprisingly, interest in the concept of EA or environmental consciousness originated with the ecological movement in the 1960s. According to Soyez et. al. (2009) , researchers in marketing and social psychology focused first on personal characteristics of environmentally conscious people, such as sociodemographic variables. In the 1970s and 1980s environmentally friendly behaviour was more explained in terms of environmentally friendly attitudes measurable by means of multi-item scales. The "theory of planned behaviour", applicable to this context (see Ajzen, 1991) allows an integration of a variety of factors or attitudes (self interest, norms, situational barriers, etc.) that influence a specific action or behaviour related, for example, to the environment.
Personal value orientation as precursor of sustainable behaviour was considered in a further stream of research followed by cultural values, which have been investigated approximately for the last ten years, see Soyez et. al. (2009) . Of course, cultural values form the basis for cross-cultural studies on environmentally friendly behaviour, which are of particular interest for researchers in marketing and social psychology. In this context Soyez (2012) analyses how environmentally friendly behaviour is influenced by cultural values, how national cultural values can be linked to personal pro-environmental behaviour. This study is among the first to provide insight into environmentally friendly consumer behaviour in Russia.
The Environmental Kuznets Curve
It is natural to assume that environmental commodities are characterized by a relatively high income elasticity, at least in industrialized and newly industrialized countries. Consequently, demand for these commodities should rise, and environmental pollution should be reduced with real GDP per capita increasing. The location of the maximum of the resulting functional relationship between GDP per capita and the level of pollution is described by the EKC. It could be used as an indicator of a gradually emerging EA: a further increasing GDP per capita will be accompanied by increasing efforts to reduce the pollution.
In this context, Grossman and Krueger (1995) find no evidence that environmental quality deteriorates steadily with economic growth. In their words, for most indicators, economic growth brings an initial phase of deterioration followed by a subsequent phase of improvement. The turning points for the different pollutants vary, but in most cases they come before a country reaches a per capita income of $8000 (for 1985). Grossman and Krueger (1995) use urban air pollution, the state of the oxygen regime in river basins, fecal contamination of river basins, and contamination of river basins by heavy metals.
The EKC is thus a hypothesized relationship between various indicators of environmental pollution and GDP per capita, see Stern (2004) . The concept emerged in the early 1990s with studies of the potential environmental impacts of NAFTA. Stern (2004) provides an interesting survey on the rise and the fall of the EKC, characterizing the EKC as an essentially empirical phenomenon, with not much support from econometrics. Similarly, Huang et. al. (2008) show that there seems to be no empirical evidence supporting the EKC hypothesis for greenhouse gas emissions.
Nevertheless, in the last years more and more advanced econometric techniques were employed to investigate the existence or non-existence of the EKC with respect to aspects of global warming. Fosten et al. (2012) , for example, analyze the EKC with respect to CO 2 and SO 2 emissions in the UK, and provide a useful literature survey on the econometric methods used in this context (see Brajer et. al., 2011; He and Richard, 2010; Wang, 2013; Yang et. al., 2015) . Maddison (2006) shows that the countries' emissions per capita are affected by events in neighboring states. These effects should be considered creating a EKC. A comprehensive survey of the EKC hypothesis is provided by Dinda (2004) .
Already Cassou and Hamilton (2004) investigate the relationship between economic growth and environmental degradation, which are significantly influenced through the fiscal policy of a region.
Recently, other empirical investigations revealed interesting aspects of the willingness to pay for climate actions. In this context Diederich and Goeschl (2014) uncover causes of voluntary climate action, among them education, the information structure among the population, and exogenous environmental conditions. In a similar way, Borick et. al. (2011) , and Lorenzoni and Pidgeon (2006) study public views on climate change in the US and Canada, and in Europe and the US, respectively. The focus of the special survey "European's attitude towards climate change" in the "Eurobarometer" from the European Commission (2008) was on, among other issues, the extent to which citizens feel informed about climate change, thus on "awareness of climate change". Awareness regarding climate change has also been addressed in various publications. Zyadin et. al. (2014) , for example, investigate the perceptions regarding renewable energies of senior academics and early-stage researchers involved in renewable energy sciences. Similarly, Karytsas and Theodoropoulou (2004) examine the demographic and socioeconomic factors that determine someone's knowledge on different forms of renewable energy. Moreover, Weber and Wiesmeth (2015) address the issue of EA by means of a theoretical model involving the Nash mechanism.
Indices of Environmental Quality
Besides behavioural characteristics and the EKC hypothesis, indices of environmental quality have been introduced to categorize EA. There is, for example, the Environmental Performance Index (EPI), which measures the environmental performance of a country or a region according to a list of parameters. This list includes among others: air pollution, water, biodiversity and fisheries, see Buehn and Farzanegan (2013) .
The problem with this approach to EA is that changes in data sources, the weighting of the categories and the aggregation method make it difficult to compare the index for different years. In a situation with EA gradually emerging, it might not be a good idea to use performance indicators with fixed weights for the indicators. For this reason, we rather prefer the MIMIC approach with endogenously assigned weights.
Multiple Indicators and Multiple Causes
Given these not too satisfactory results for appropriate indicators of EA, we pick up the approach used by Buehn and Farzanegan (2013) for an index of air pollution. Their index is based on a MIMIC model making use of the fact that there typically is no single indicator of air pollution and that multiple causes affect air pollution. Similarly, EA can hardly be described by means of a single indicator, and different framework conditions might lead to different levels of awareness.
As already mentioned above, this approach helps to overcome the difficulty with a priori fixed weights for the various indicators in a situation where awareness is still emerging. This might currently characterize the situation in the Russian Federation and the Russian regions.
The Multiple Indicators-Multiple Causes Model
The Method
The MIMIC model was developed originally by Jöreskog and Goldberger (1975) and is a special case of the general structural equation model. It uses well defined indicators to measure a latent construct (index of EA) with associated properties and regresses them against theoretically discovered causes. Lately Buehn and Farzanegan (2013) use the MIMIC approach to construct a new index of air pollution for 122 countries for the period between 1985 and 2005 and discuss the advantages of this technique.
The two parts of the model can be explained as a measurement model for the latent construct and a structural part, which describes the causal structure of the model. The measurement part can be described as follows:
where y = (y 1 , y 2 , . . . , y p ) is a set of observable endogenous indicators, which are affected by the EA, which is the latent variable η, and ε = (ε 1 , ε 2 , . . . , ε p ) being a vector of p random errors. The factor loadings are summarized in the p-vector λ. The structural part follows our theoretical assumptions and can be written as
where x = (x 1 , x 2 . . . , x k ) are exogenous causes, β = (β 1 , β 2 , . . . , β k ) is a set of model parameters, and ζ being a random error term. Inserting (2) into (1) results in
with Π = β λ and v = λ ζ +ε. It is assumed that the random errors ε and ζ are mutually independent and normally distributed
with E(ζε ) = 0 where Θ = diag(θ 1 , θ 2 , . . . , θ p ). The parameters of λ and β, and the variances θ 2 and σ 2 of the error terms ε and ζ, can be estimated using a ML approach. There is indeterminacy in the structural parameters (if λ is multiplied by a scalar and β and σ 2 are divided by the same scalar parameters do not change). Avoiding this indeterminacy, we set one parameter fixed, see Goldberger and Hauser (1971) . Following Jöreskog and Goldberger (1975) the fixed case, where x is fixed and y is normally distributed, y ∼ N(Πx, Ω), the log-likelihood can be computed through
where N is the sample size, Ω = E vv = σ 2 λλ + Θ 2 and W = (y − xΠ) (y − xΠ). The parameters λ, β and variances θ 2 , σ 2 can be estimated by setting the first partial derivative of L(β, λ, θ 2 , σ 2 ) with respect to all arguments to zero. The normality is a strong assumption, which leads to consistent, but inefficient estimators. The variances of the parameters cannot be exactly determined. This leads to more inexact indication of the parameters significance. For that reason, we use two different methods to correct the estimated variances and get two kinds of estimated parameter variances and thus two different standard errors. The first method of correction comes from Satorra and Bentler (1994) . Thereby, the incorrect standard errors are weighted at the asympotic covariance-matrix (hereafter referred to as MLM). Another approach uses a kind of sandwich estimator correcting the standard errors (hereafter referred to as MLR) from Yuan and Bentler (2000) . Determining the parameter significance, we look after the largest corrected standard error.
Data and Empirical Model
In our model the indicators y are queries of relevant environmental phrases from the internet search engine Yandex, in English or in Russian. Getting different indicator variables in terms of different environmental topics, we cluster these phrases into following categories: While each phrase is characterised by a specific field of interest concerning EA, most suitable notations were counted too. Following the data collection, we summarized compatible requests in each region and on each category and divide them by the sum of all requests from Yandex which had happened in the same regions. The indicator variables y is thus computed as follows, y in = number of queries of category i in region n number of all queries in region n ,
where i = 1, . . . , p with p = 5 is the index of category and n = 1, . . . , N the index of Russian region with N = 81. For each region n we describe the measurement models in terms of the EA η as follows:
In addition, explaining the index variable η, observable causes are needed. The gross regional product (GRP) per capita in purchasing power parity in first, second and third order is considered to allow for the EKC. Furthermore, we control for the structure of the industry (mining and manufacturing), the emissions of greenhouse gases per capita and some controls for agglomeration, social status and education. From (3) it follows: 
(8) Figure 3 shows the model with all specifications. Arrows mark the direct effects of the exogenous variables on the EA, and the mediation effect of the index on the indicators. With the obtained results, the score of the environmental EA η can be calculated for each region. The EA thus provide a ranking of awareness of climate change in the regions of the Russian Federation. The data was collected from various sources, mainly OECD (2016), United Nations Development Programme (2013) and the RFSSS (2016). The gross regional product per capita in purchasing power parity, greenhouse gas emission per capita, population density, age structure and education of labour force come from the Organisation for Economic Co-operation and Development (OECD). The industry variables are from the Federal Statistics Service of Russia (RFSSS). The share of the mining and manufacturing industry was measured in terms of gross regional produced.
Identification and Data Considerations
As mentioned above, avoiding indeterminacy in the MIMIC-model, we set λ 1 = 1 fixed for the estimation. Making the values of the λ-parameter comparable and interpretable, all λ i are later standardized to have
The data should follow the required distribution while using a ML-approach to estimate the parameter values of λ, β and the variances of the error terms θ 2 and σ 2 . We performed Mardia's multivariate normality test, see Trujillo-Ortiz and Hernandez-Wall ( 2003) , which however was rejected with high significance level. Consequently, we use two different methods to correct the estimated variances as described in section 3.1.
Results
The Results of the MIMIC model
The MIMIC model was estimated with all specifications discussed in the previous section for July, September, November 2014 and January, March and May 2015. We aggregate the data for each year. It is important to compare the periods at the end of 2014 and at the beginning of 2015, because of the changes in the political situation in this time. Between 2014 and 2015 Russian currency RUR sharply devalued. Following the EKC we expect that the Russian population is less interested in environmental relevant topics in the second period than in the first. To avoid bad scaling of the empirical covariance matrix and therefore resulting problems in the process of convergence, all included variables are standardised. The resulting estimates are given in Table 1 .
We differ between two model patterns for each period: (A) and (B). Model (A) and (B) include the same query groups as indicators. Model (A) considers three more cause variables than model (B): k = 9 cause variables for model (A) and k = 6 for model (B). The reason is the variables mining, share of people older than 65 years and educated labour forces are significant in some periods, but they deteriorate model fit parameters like Akaike information criterion (AIC), Bayesian information criterion (BIC), Comparative Fit Index (CFI), Root Mean Square Error of Approximation (RMSEA) and Standardized Root Mean Square Residual (SRMR). Small values for AIC, BIC and RMSEA and SRMR show a good model fit.
The indicators of EA have a positive sign, as expected, or otherwise are not significant, as the political and science queries in 2015. In general, the indicators are positively correlated with the new index, what supports our intuition that the index stands for high interests in the environment. Furthermore, there are some differences between 2014 and 2015 in the parameter values, perhaps as result of the RUR devaluation at the end of 2014. Unfortunately, these differences are not significant. Possibly, there is a latency of the effect, which can be measured if we include further queries from the second half year of 2015.
The first variable, the gross regional product per capita indicates a strong relation between regional wealth and the EA. This relation seems to be curvilinear, because of the significance of the GRP per capita parameter in the second and third order. The mining variable, which controls for the importance of the mining and oil industry in each region, shows a negative sign as the amount of this sector increases. But the standard errors are too high as being significant. More manufacturing also implies smaller EA. A population with lots old people is less interested in terms of the future and therefore in information on the environment in contrast to the possibilities of the internet. More educated people, for instance a high share of labour force with tertiary education, lead to higher interests in environmental topics. If we instead include other attributes of education in our model (for example literacy rate) it leads to the same results.
All in all, there are small differences between the parameter values of the cause variables between model (A) and model (B) and also from period to period. The signs however are kept the same. Standard errors in parentheses; significance level: ***p < 0.01, **p < 0.05, *p < 0.1
A Ranking of Environmental Awareness in Russia
The construction of the index of EA gives us some new insight into the environmental situation of the Russian regions. As all variables in our model are standardised, the index is standardised as well and multiplied by 100 for better clarity, and computed separately for the years 2014 and 2015. As shown in Figure 4 , there is a linear relationship between the EA Index in 2014 and 2015. The results hardly change from period to period and seem to be robust. If a region is highly ranked in 2014 it is in the most cases good placed in 2015, as well.
Interpreting the EA Index, we are looking for a connection between the gross regional product per capita and the EA. Indeed, if the income goes up our EA Index increasesmainly in a range between 14 000 and 19 000 USD. The largest regions with a corresponding GRP per capita show a high EA. Only the first placed region, Karbardino-Balkaria Republic, which is located in the North Caucasus, is an exception. The local economy is focussed on agriculture, forestry and mining, but also tourism plays an important role. The breakdown of the Soviet Union and further conflicts have led to an enormous decrease of tourism and the degradation of the regional economy. Although, the GRP per capita in 2013 amounts less than 8000 USD per capita, the EA Index reaches the highest value. In contrast, the second and third placed regions, Nenets Autonomous Okrug and Khanty-Mansi Autonomous Okrug, which live mainly from mining and oil production, are among the richest regions of the Russian Federation.
On the other hand, there are poorer regions like Krai Altai, Kemerovo and Kirov with the three worst indices in 2014 and Voronezh, Ivanovo and Kirov in 2015. These regions have an above average share of people older than 65 years and a high share of manufacturing industry.
The computed EA Indices for 2014 and 2015 are illustrated as maps in Figure 6 and Figure 7 in the Appendix.
Is there an Environmental Kuznets Curve?
The results of the parameter suppose a curvilinear relationship between GRP per capita and EA of the regions. Nevertheless, we cannot find a structure supporting the Environmental Kuznets Curve hypothesis. In Figure 5 the estimated index values are plotted against the GRP per capita in purchasing power parity of the Russian regions. The curve is fitted by local polynomial regression enclosed by a 95% pointwise confidence interval. Against our expectations, there is not a relationship, which can be described through the EKC. One of the reasons could be the subjective selection of more than 200 environmental phrases. Possibly, the number of queries of other environment phrases deliver a different picture. 
Concluding Remarks
This paper makes use of the MIMIC model to estimate an index of environmental awareness. The weights assigned to the various indicators are therefore determined endogenously in contrast to the procedure in indices of environmental quality. This seems to be the correct approach for countries with a still emerging EA. As there was the sharply RUR devaluation at the end of 2014. We expected a changing in the interest of environment topics of the population in the regions. However, we do not find significant differences between the parameter values of the indicator variables in 2014 and 2015. It is possible, that the RUR devaluation affects the number of queries only after a certain delay. For this reason, we need to analyse query data from the second half year of 2015.
The results also show that the EKC hypothesis cannot hold true. With more data and more appropriate data it should be possible to obtain clearer results. Perhaps the ethnic composition of the regions of the Russian Federation could help to further improve the results of the estimations. 
